Intelligent agents are gaining widespread applications in many trading markets. Although the US wholesale power market comprises a large commodity market, the mechanism of power trading is not clearly investigated. We explore the problem via an intelligent agent-based approach. We create an artificial wholesale market, where many different traders are equipped with learning capabilities. We validate the agent based model with the help of a data set from PJM electricity market. Using the new intelligence system, we investigate the bidding strategies of traders and examine how the price changes occur under different environments.
Introduction
This study applies the agent-based approach to examine a price fluctuation of an electric power industry. The power industry consists of a large commodity market. Historically, the power industry was regulated by governmental agencies. The deregulation has opened up a wholesale power market, which is structured by a multiple settlement system. Many different types of traders participate in the power trading. Consequently, the power market can be represented as a multi-agent system where many traders participate with various bidding strategies and speculations.
Jacobs [1] , Bagnall [2] , Bunn and Oliveira [3] , Morikiyo and Kitamura [4] and Sueyoshi and Tadiparthi [5] have developed multi-agent adaptive systems that incorporate a dynamic bidding process for power trading. (See Axelrod [6] for a detail discussion on the agent-based approach.) A methodological benefit of the research group is that many traders are considered as agents with different bidding preferences. However, these previous studies have described only the development of agent-based modeling/simulations. Almost no research has discussed the development from a machine learning perspective. (An exception is found in [5] .) This study extends [5] by validating an agent-based model for power trading using a real data set.
The remaining structure of this article is organized as follows: The next section provides an agent-based model for wholesale power trading. Section 3 discusses the proposed intelligent agent architecture. Section 4 applies the proposed approach to a data set related to current US wholesale market. Section 5 summarizes this research, along with future research issues.
Agent-based Model for Power Trading
The US wholesale market is functionally separated into (a) a power exchange market and (b) a transmission market. The power exchange market is further functionally broken down into (a-1) a Real Time (RT) market (transaction on a five-minute interval), (a-2) an hour-ahead market, (a-3) a Day-Ahead (DA) market and (a-4) a long-term contract market (transaction from one week to five or more years). Fig. 1 illustrates the structure of a power exchange market. The left-hand side of the figure illustrates the parameters used by supply side agents (generators) while participating in a market. Similarly, the righthand side of the figure illustrates the parameters used by demand side agents (wholesalers) while participating in a market. Let us consider a threesettlement power market system (for long-term, DA and RT), where n generators (i = 1, .., n) and k wholesalers (j = 1, .., k) participate for T periods (t = 1, .., T). The "t" indicates a specific transaction period to indicate a power delivery day. The superscripts "1" and "0" represent DA and RT markets, respectively. Refer to [5] for a detailed explanation of the market mechanism. 
Proposed Intelligent Agent Architecture
The proposed architecture is composed of a set of heterogeneous Intelligent Agents (IA). An intelligent agent is formed by the following elements ( Fig. 2) : Communication module, Adaptive Learning Process module, Knowledge Base, and Belief module.
Communication module is used to interact with the environment and other agents. It consists of sensors and decision-making activators. The sensor listens to the market clearing price of different markets, temperature, demand etc. The activator acts on the market environment by sending bids (price and quantity pair).Knowledge Base consists of facts and rules that aid in the initial decision making process of the agent. All the data is stored in this base by an agent. In the learning process, each trader constantly looks for a combination of decision parameters that can increase a winning probability. Beliefs module consists of the different preferences of an agent like risk behavior, beliefs, and utility functions.
Fig. 2. Proposed Intelligent Agent
It is assumed that all the traders have an exponential utility function, which represents a risk aversion preference. (See Chapter 9 of Luenberger [7] ) Mathematically, the exponential utility function is expressed by
ζ indicates a parameter to express the level of risk aversion. The magnitude variable is determined by
For a detailed derivation of the above magnitude, refer to [5] .
Adaptive Learning System
A sigmoid model is widely used to predict a winning probability. The win or loss status of the i-th generator is predicted by the following linear probability model:
Here, it R is a reward obtained by the generator at the tth period. The coefficients of the decision parameters are denoted by hence, need to be estimated by OLS (Ordinary Least Squares) regression. The winning probability (Prob) can be specified as follows:
The symbol (^) indicates a parameter estimate obtained by OLS. The above equations suggest that the winning probability can be predicted immediately from the parameter estimates of the sigmoid model. Similarly, the winning probability for a j-th wholesaler is specified as Table 2 examines the performance of the proposed agent-based approach. The values in Table 2 show average estimation accuracies over 289,000 simulations (= 289 transactions x 100 duplications) for PJM market. The estimation accuracy is listed as a percentage. Estimation Accuracy (%)
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The practicality of the agent-based approach is confirmed by investigating the effect of environment in a power trading system. This study investigates the effect of increase in fuel cost (so, a marginal cost) on the DA and RT market prices. Table 3 summarizes a result on how much a wholesale power price would be increased when a weighted marginal cost were increased hypothetically from the current level. In the case of the PJM-DA, we would observe a 20% increase from the original market price if the weighted marginal cost were increased by 40%. The corresponding market price is $59.82 on average. All the numbers listed in Table 3 are average price changes (%) and market prices ($/MWH) of 693,600 simulations (= 289 transactions x 24 generators x 100 duplications). The two PJM markets (RT and DA) would absorb an increase in fuel costs through the market mechanisms, even though the fuel costs were increased from the current level. This finding is confirmed in Table 3 that all the price changes in percentage are less than the increase rates in fuel (marginal) costs. Furthermore, the RT market is less sensitive to the cost change than the DA market, because RT is a physical market, not a financial market like DA. In the RT market, all wholesalers need to buy electricity to satisfy actual power flows demanded from end users, even though a wholesale market price is more expensive than their expectations.
Conclusion and Future Extensions
An agent-based approach is a promising technique to deal with a complex system. An important feature of the proposed approach, in this study, is that the industrial structure of power trading is incorporated into its modeling process. The current study indicates that if artificial traders participate into a real power trading market, they may have better trading capabilities than real traders if a power market is perfectly fair. This research has several future tasks that need to be explored. First, we need to incorporate a networking capability into the proposed agent-based simulator. Game theory will serve as a basic research framework for exploring how traders make a coalition to win in a power market. Second, we can apply the proposed agent-based approach to other business areas such as a stock market and a currency exchange market. It is easily envisioned that such new applications provide us with many evidences on the practicality of the proposed approach.
